Introduction and motivation
Association models like those belonging to the SAFT family have received increasing attention over the last 30 years. While in terms of citations, PC-SAFT proposed by Gross and Sadowski [1] is the most popular version (over 1200 total citations and more than 70 per year; source Web-of-Science, July 20, 2017) , other SAFT variants have also received widespread use e.g. soft-SAFT [2] and SAFT-VR and SAFT-gamma-Mie [3] .
These association models, often expressed in the form of non-cubic equations of state, contain typically 5 (sometimes more) parameters for pure associating compounds and 1-2 adjustable interaction parameters for each binary mixture. They account explicitly for hydrogen bonding (association) phenomena, and for some of these models also for other effects e.g. polarity. Their applications range from systems of relevance to petroleum and chemical industries up to polymers, pharmaceuticals and even biotechnology.
This manuscript is not a review of these association models, neither their many applications; the interested reader can consult the original publications, recent monographs [4] [5] [6] and also a number of review manuscripts e.g. by Kontogeorgis [7] and Economou and Kontogeorgis [8] as well as by Muller & Gubbins [9] and by Economou [10] .
In this manuscript we will present some recent advances of these association models especially related to practical applications. Because of this, particular emphasis will be paid to the number and type of adjustable parameters used during the model development and on how the models are validated, i.e. how their predictive performance is assessed. A comparison of many different models may be difficult, but it may not be necessary. We believe that, as shown in a number of studies [11] [12] [13] [14] the differences between the various association models are rather small and the models typically perform rather similarly. By this we mean that when tested over a range of systems and conditions and when the models are parameterized in the same way (e.g. having same number and type of adjustable parameters), the difference in the overall models performance is small.
For this reason, all results shown here will be presented with the CPA equation of state [15] , a model based on a cubic equation of state e.g. SRK and the association term of SAFT. The model has received quite some attention in the literature since its appearance more than 20 years ago and the references shown earlier provide both the equations and several applications. New advances will be presented in this work and we believe that most of the conclusions can be transferred or applied to other association models as well. In this work we limit ourselves to non-electrolyte systems as electrolyte solutions require additional considerations and we have offered a recent review elsewhere [16] .
Case study I: The role of excess enthalpy data in the parameter estimation
The first topic we consider is the potential role of excess enthalpy (H E ) data in parameter estimation. While phase equilibria data (often VLE or LLE) are typically used in the estimation of adjustable parameters of models and their validation, excess enthalpies are rarely considered, neither in the fitting nor in the assessment of the predictive capabilities of the models. This is, of course, not correct as such information is important in many practical applications but also because advanced association models, also due to their larger number of parameters, should embrace a larger number of applications and could accommodate a larger number of experimental data.
As an example, here, we will consider first the binary systems methanol -dimethyl carbonate (DMC) and methanol-water and how their parameters can be estimated using both VLE and excess enthalpy data (or only VLE data). For both cases, the predictive ability of the model will be then evaluated by comparing CPA predictions for the VLE of various multicomponent systems containing these compounds. In all cases, pure fluid parameters were adopted from Tsivintzelis et al. [17, 18] .
Binary parameters obtained using VLE and H E data
Initially, the binary parameters were estimated using either only VLE experimental data (case A) or both VLE and excess enthalpy data (case B). In all cases bubble-point calculations were performed for estimating the VLE, i.e. temperature and liquid compositions were set, while vapor pressures and vapor compositions were calculated. In case B, the objective function was the sum of the average absolute deviations in vapor pressures, vapor compositions and excess enthalpies. The obtained binary parameters are presented in Table 1 . The CR-1 rule [19] was applied for water -methanol cross association, while DMC was modeled assuming one negative site that is able to cross associate with methanol (solvation) and using the modified CR-1 rule [19] for obtaining the cross association parameters. Consequently, for methanol -DMC, two adjustable parameters were used for both cases (k ij and β cross ). For methanol-water, the binary interaction parameter (k ij ) is the only adjustable binary parameter in case A. On the contrary, for case B of the same system, there are three adjustable parameters (k ij , ε cross , β cross ). The use of three adjustable parameters was required in order to obtain a reasonable correlation of the excess enthalpy data. For the methanol -DMC system, VLE data exist in a wide temperature range (313-428 K) [20, 26] , while excess enthalpy data exist only for 313.15 K [20] . The CPA correlations using both cases of Table 1 are presented in Figures 1 and 2 . Using the binary parameters of case A, the model accurately describes the VLE of this system. However, as shown in Figure 2 , the model overpredicts the excess enthalpy data. For case B, where the excess enthalpy data were included in the parameter estimation, the model satisfactorily describes both the VLE and the calorimetric data. For the water -methanol system, both VLE and excess enthalpy data exist over a wide temperature range. Mixing of water and methanol is exothermic at low temperatures (ΔΗ mixχ <0), while it becomes endothermic (ΔH mix >0) at higher temperatures. Such complex behavior can be attributed to the association behavior of this system and the corresponding enthalpies of hydrogen bonding interactions. Consequently, for the accurate description of the excess enthalpies in that system, the hydrogen bonding behavior should be accurately captured. Using the parameters of the first case (case A), the model accurately describes the VLE (Figure 3a ), while it is not able of an accurate description of the excess enthalpies (Figure 3b-c) . This is somehow expected, since the cross hydrogen bonding parameters are obtained using a combining rule (CR-1), which has a limited physical base. For this reason, the use of the CR-1 rule was abandoned in case B and the cross association parameters were simultaneously fitted with the k ij to the experimental VLE and excess enthalpy data. In this way, the model satisfactorily describes the VLE (Figure 3a ), while the model correlations for the H E are more reasonable (Figure 3b-c) . 
Multicomponent systems
Having obtained the binary parameters from the binary systems, the model was applied to predict the phase behavior of various ternary systems using both cases of Table 1 and the binary parameters (for the remaining of the sub-binary mixtures) of Table 2 . CO 2 and DMC were modelled assuming that they have one site that is only able to cross associate with other hydrogen bonding fluids (solvation), such as water or methanol. For mixtures of CO 2 with water or methanol the experimental values of the cross association energy were used [19] . In all cases flash calculations were performed using the middle of the experimental tie lines as feed compositions. a Binary parameter adopted from experimental or theoretical data (not adjusted to the experimental data). b Binary parameter calculated through the mCR-1 combining rule (not adjusted to the experimental data).
Initially, the LLE of water -methanol -DMC, was investigated using both cases A and B from Table 1 . The results are presented in Table 3 and are illustrated in Figure 4 , from where it is concluded that the binary parameters of case B result in more accurate predictions. Figure 4 . DMC -Methanol -Water LLE Next the model was applied to predict the VLE of water -methanol -CO 2 ternary mixture and the VLE of the water -methanol -CO 2 -methane quaternary mixture. The results for the first (ternary) mixture are presented in Table 4 , Figure 5 and in Figure S1 of the supporting information file. The results for the latter (quaternary) mixture are presented in Table 5 . In both cases, using the binary parameters of case B for water -methanol, the model more accurately predicts the equilibrium compositions of the liquid phase. However, in both cases, the deviations of model predictions from the experimental data for the vapor phase compositions are considerably higher. Figure 5 . Water -methanol -CO 2 VLE. Experimental data [36] and CPA predictions. 
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− ⋅ = ∆ b AAD as defined in the footnote of Table 1 The model was also applied to predict the bubble points of CO 2 -water -methanol -methane system using the experimental data from another source. For this system, Jarne et al. [37] measured the bubble points of mixtures that contain a very small amount of water and methanol, while they are rich in methane and CO 2 . The mole fraction composition of a representative mixture is x water =0.00019, x methanol =0.00180, x CO2 =0.19960, x methane =0.79841. Such mixtures are in a single phase (vapor) at low pressures and present VLE as the pressure increases as shown in Figure 6 .
Using the binary parameters of case A, the model overpredicts the bubble points, but the description is considered satisfactory. Using the binary parameters of case B, the model seriously under-predicts the bubble points. The same conclusions were obtained for similar data for the mixtures of water -methanol -CO 2 with ethane, propane and butane. In conclusion, from the ternary and quaternary systems studied, it is concluded that the adoption of the binary parameters of case B (obtained using H E data) result in more accurate description for the liquid phase, but in serious deviations from experimental data for the vapor phase. For mixtures that contain water and methanol, such behavior can be attributed to the strong cross-association interactions. The use of relatively high values for the cross association parameters of case B, force the model to under-predict the water and methanol content of the vapor phase in such low temperatures resulting in a serious failure in the description of the vapor phase.
Case study II: The role and importance of adjustable parameters in association models
The second case-study is related to the role and importance of adjustable parameters in association models when the target is the simultaneous representation of multiple properties. We will illustrate this using CPA for the modeling of the triethylene glycol (TEG)-water mixture, which is of importance to many practical applications. For this mixture there are extensive VLE, SLE data as well as excess enthalpies and activity coefficients at finite concentrations and infinite dilution.
Literature parameters
Systems of TEG that are relevant to the oil and chemical industry were previously studied by Breil and Kontogeorgis [38] . The authors made a thorough investigation of the thermodynamic modeling of mixtures that contain TEG with water, aliphatic and aromatic hydrocarbons using the CPA equation of state. TEG molecule was modeled as a selfassociating fluid using the well-known, according to the classification of Huang and Radosz [39] , 4C association scheme (where two proton donors and two proton acceptors are assumed on every molecule), as well as the newly developed 6D scheme (where two proton donors and 6 proton acceptors, all equivalent for simplicity, were assumed on every TEG molecule) [38] . Based on such association schemes three pure fluid parameter sets (sets 1-3) are reported for TEG, which are shown in Table 6 . The parameter set 1 was obtained by fitting the predictions of the model to vapor pressure and liquid density data from the DIPPR correlations [40] . The parameter sets 2 and 3 were obtained by including in the parameter estimation, except from vapor pressure and liquid density data, binary data for the vaporliquid equilibrium for TEG-methane and the liquid-liquid equilibrium for TEG-n-heptane systems. As reported by Breil and Kontogeorgis [38] , the argument for including these two binary systems in the pure component parameter estimation is that the description of the two binary systems is not acceptable when they are excluded. The binary interaction parameters for TEG-methane and TEG-n-heptane were estimated simultaneously with the pure component parameters. The parameter set 1 presents the lower deviations from vapor pressure data obtained from the DIPPR correlation (13%) [40] . The other two sets present relatively higher deviations (up to 50% as shown in Table 7 ). More details are presented by Breil and Kontogeorgis [38] and will not be reproduced here. Table 6 . Pure fluid parameters for TEG. Table 1 Based on the pure fluid parameter sets of Table 6 , the phase behavior and other thermodynamic properties (such as heats of mixing) for some systems were investigated (mixtures of TEG with water, aromatic and aliphatic hydrocarbons). For TEG -water, the authors used experimental data for activity coefficients (333 K [41] ), activity coefficients at infinite dilution (300 -378 K, [42] ) and excess enthalpies (298 K, [43] ). The obtained binary parameters that were found to describe in an acceptable way most data sets are presented in Table 8 , while the model description is illustrated in Figures 7a-7e. Table 8 . Binary parameters for TEG -water [Breil and Kontogeorgis, 38] .
VLE data from Figure 7c [44] , are relatively new and were not included by Breil and Kontogeorgis [38] in the parameter estimation. However, the parameter sets 1 and 2 describe the experimental data in a rather satisfactory way at lower temperatures. As shown in Figure  7d , only the parameter sets 2 and 3 accurately describe the excess enthalpies. However, all the parameter sets fail to describe the activity coefficients at infinite dilution ( Figure 7e ). The experimental data for the activity coefficients at infinite dilution, which are shown in Figure 7e and which were used by Breil and Kontogeorgis [38] , were obtained from Parrish et al. [42] . Bestani and Shing [45] also measured the activity coefficients of water in TEG at infinite dilution. They report that their data points are around 15% higher than the data points of Parrish et al. [42] . According to the authors, this is due to the way that Parrish et al. interpreted their measurements. However, the accuracy of the data of Bestani and Shing were questioned in other literature studies. Twu et al. [46] mention that based on the Bestani and Shing extrapolation method to 477.15 K, the predicted water activity coefficient is above 1.0. A value of water activity coefficient that is greater than unity at 477.15K implies that TEG would be a poor dehydrating agent at around this temperature, which is contrary to plant experience. Therefore, they disregarded the data of Bestani and Shing [45] and used only the data of Parrish et al. [42] .
New pure component and mixture parameters
In the study of Breil and Kontogeorgis [38] , experimental vapor pressures of TEG for low temperatures (up to 343 K) were not included in the parameter estimation. Such experimental data were rejected by DIPPR [40] , when evaluating the data. For comparison reasons only, such low pressure data (of the order of 1 Pa), were included in this study and another set (parameter set 4 of Table 6 ) was estimated. Then the binary parameters for TEG-water were estimated again, by including in the experimental data set all the data shown in Figures 7a, 7c-7e. The results are shown in Tables 7 and 9 . All the results are illustrated in Figure 8 and it can be concluded that all data sets accurately describe the excess enthalpies and the activity coefficients at infinite dilution. Furthermore, the VLE data of Figure 8c is rather satisfactorily described considering the uncertainty of the experimental data. However, from Figure 8a it is clear that the activity coefficients of water are not accurately described. A comparison of Figures 7 and 8 reveals that it is very difficult to obtain a temperature dependent k ij that can be used to accurately describe all the experimental data sets. The fitting procedure revealed that when the activity coefficients (data for relatively high water content mixtures) are accurately described, the deviation of model predictions form the experimental infinite dilution activity coefficient data increases and vice versa. Consequently, another approach was adopted, and it is shown next.
Interaction parameters using also the cross association concept (β cross )
The aforementioned difficulty is likely to originate from a poor representation of the cross association interactions between water and TEG, which were described using the CR-1 rule. Consequently, the CR-1 rule was abandoned for the cross association volume and the fitting procedure was repeated using three adjustable parameters: two parameters for the temperature dependency of the k ij (k ij = a + b/T) and the cross association β cross parameter. The results are shown in Table 10 and are illustrated in Figure 9 . As shown in Table 10 , deviations from experimental data are different for the various parameter sets. However, considering also the uncertainty of some experimental data sets (see for example Figures 9a and 9c) , it is difficult to choose the best parameter set. Using three adjustable parameters all the used experimental data sets seem to be satisfactorily described. However, set 1 more accurately describes the pure TEG vapor pressures, while sets 2 and 3 the mixtures with hydrocarbons (see Breil and Kontogeorgis [38] ). Moreover, in mixtures with water the new binary parameters of Table 10 yield better calculations for some properties (such as activity coefficients at infinite dilution for example).
Finally, using the binary parameters of Table 10 , the model was applied to predict the SLE of the TEG-water system. In this direction, the temperature dependent kij values of Table 10 were extrapolated to low temperatures (232 -273K), lower than the temperature range at which they were regressed (297 -420 K). SLE calculations were performed using the values for the fusion properties of the compounds that are shown in Table 11 . The experimental data for water and TEG were found in various sources [48] [49] [50] [51] . All the collected experimental data and the predictions of the model using the various pure and binary parameters are presented in Figure 10 and Table 12 . From the results, it is concluded that the model satisfactorily predicts the SLE in all cases. Considering the differences between the various experimental data sets, no safe conclusion can be made for the best parameter set for SLE calculations. However, it can be speculated that sets 2 and 3 perform better than the others. 
Need for a more advanced approach ?
Since TEG contains both hydroxyls (-OH) and ether oxygens (-O-), which can act as hydrogen bonding sites, another association approach was tested in order to investigate whether improved performance can be obtained. According to this approach, one proton donor and one proton acceptor sites were assumed on every -OH group, while one proton acceptor site was assumed on every -O-group. The -OH…OH-interaction parameters were adopted from ethanol (ε AiBj /R=2586.8 K and β AiBj =0.0080), while the -OH….-O-interaction parameters were adopted from ethanol -dimethyl ether binary mixture (ε AiBj /R=1294.924 K and β AiBj =0.5007 [52] . The remaining pure fluid parameters were adjusted to vapor pressure and liquid density data. All the pure fluid parameters for TEG are reported in Table 13 .
In mixtures with water, the HOH…HO-interaction parameters were estimated using the CR-1 rule. Furthermore, the HOH….-O-interaction parameters were adopted from the water -dimethyl ether binary mixture (ε cross /R=1001.6 K and β cross =0.3832 [52] . The results for the binary water -TEG mixture using this approach are reported in Table 14. The comparison of  Table 14 with Tables 9 and 10, reveals that this approach does not yield better results. A possible reason for that is the use of the combining rule for estimating the HOH…HO-interaction parameters. Although this approach results in successful correlations for wateralcohol mixtures, it is still an approach without a strong physical base. 
Prediction of multicomponent phase equilibria (water -TEG -methanolhydrocarbon)
Subsequently, CPA was applied to predict the phase behavior of a multicomponent system that contains water, TEG, methanol, propane and methane using two pure fluid parameter sets for TEG (sets 1 and 2 of Table 6 ). Pure fluid parameters for the remaining fluids were adopted from Arya et al. [53] and Tsivintzelis and Kontogeorgis [52] . The experimental data were adopted from Ng and Schroeder [54] who report the feed compositions of initial unstable mixtures and the equilibrium compositions of vapor and liquid phases. Consequently, flash calculations were performed, while all the reported data were considered. In all cases the required binary parameters were adopted from the corresponding sub-binary systems and are presented in Table 15 . No parameters were adjusted to the multicomponent system data. The deviations of CPA predictions from the experimental data are presented in Table 16 , while some characteristic calculations for the 283.15 K data are presented in Figure  11 and Figures S2-S6 of the supporting information file. [53] TEG (set1) -CH 4 0.14933 + 4.92 / T(K) [53] TEG (set2) -CH 4 0.13574 + 20.27 / T(K) [53] Methanol -CH 4 0.0528 [35] Water -Propane 0.4809 -130.5 / T(K) [53] TEG ( Methanol -Propane 0.1311 -22.562 / T(K) [55] CH 4 -Propane 0 As shown in Table 16 , both sets satisfactorily predict the compositions of both phases. However, it seems that that the pure fluid parameter set-2 coupled with the binary parameters of Table 15 presents lower deviations for the methane and propane content of the liquid phase and the water content of the vapor phase. Here it is worth mentioning that experimental data for the TEG content of the vapor phase are not reported, probably due to the very low concentrations. The TEG content of the vapor phase could be a better benchmark for evaluating the TEG pure fluid parameter sets. 
Concluding remarks
A deeper study of the modeling of the industrially important TEG-water system has been carried out using CPA parameters from literature (Breil and Kontogeorgis, [38] ) and new parameters (pure TEG and mixtures with water). The emphasis of this exercise is to try to represent a very wide range of experimental data and conditions including activity coefficients at infinite dilution. It was concluded that the pure fluid parameter sets 2 and 3, estimated by Breil and Kontogeorgis [38] , could continue to be used for TEG. However, it was also found that this binary mixture is accurately described using a temperature dependent binary interaction parameter and a value for the cross association volume adjusted to the binary experimental data. CPA calculations for the vapor -liquid equilibrium of the five-component water-TEGmethanol-methane-propane system were performed using two pure fluid parameter sets for TEG. In all cases, the binary parameters were adopted from the corresponding sub-binary mixtures and the model was used to predict the compositions of the phases in equilibrium. CPA successfully describes the phase behavior of this system, while the predictions with the two different parameter sets are very similar. However, set 2 seems to be more accurate for the liquid phase composition and especially for the methane and propane content as well as for the vapor phase content of water.
Case study III: How much more "physics" ? The case of quadrupolar molecules
We saw in section 3, with the TEG-water case study, that "additional physics" i.e. introducing a more advanced association scheme for TEG and its interactions with water did not improve the representation of several properties of that mixture. This is a general issue. How many more "physical effects", how much "more theory" should be incorporated in association models and what is the appropriate balance between complexity and simplicity? An area which is much discussed in literature is whether polar and quadrupolar effects should be explicitly accounted for, as additional interactions, in association models. We consider here the case of qCPA (a quadrupolar version of CPA) which has been recently developed by Bjørner and Kontogeorgis [56, 57] , see also Bjørner et al. [58] . We present some unpublished results and, together with those from literature, we discuss the aforementioned questions. We have chosen to show exclusively results of CO 2 with alkanes and other inert compounds, as considering mixtures with water and other polar compounds often "mask" the importance of quadrupolar interactions (in such polar CO 2 -containing mixtures association and crossassociation/solvation effects tend to be more important). Results for such polar mixtures are shown by Bjørner and Kontogeorgis [56, 57] 
CO 2 -alkanes VLE and LLE
As can be seen in figures 12a and 12b and also as shown by Bjørner and Kontogeorgis [56, 57] , qCPA performs better than CPA in a predictive way (i.e using zero interaction parameters, k ij =0) and thus it is possible to greatly improve the predicted phase behavior of the CO 2 + n-alkane mixtures by taking the quadrupole moment of CO 2 into account.
However, in order to accurately model both VLE and LLE for CO 2 + n-alkane series, all modeling approaches need a non-zero binary interaction parameter. A temperature independent interaction parameter is sufficient in all cases, as can be seen in figures 12b,c. at 270 K and 230 K using CPA, where CO 2 is treated either as a non-associating (n.a.) or self-associating compound (scheme 4C), and qCPA with either three or four parameters (with two parameter sets evaluated in the latter case). Experimental data are from Ref. [60] .
(a) (b) Figure 12c . VLE of (a) CO 2 + propane and LLE of (b) CO 2 + C 36 where the correlations shown in fig. 13 have been employed for qCPA with three parameters and non-associating CPA. Experimental data are from Refs. [60, 61] .
Generalized correlations for the binary interaction parameters are useful for extrapolationprediction purposes, but also for assessing the overall physical meaning of a thermodynamic model e.g. if such interaction parameters follow smooth trends against carbon chain length. In figure 13 the interaction parameters of the binary CO 2 + n-alkane pairs are plotted as a function of the molecular weight of the n-alkane (from C 2 -C 36 ). The vertical dashed line indicates the transition from VLE data (left-hand side) to LLE data (right-hand side). The figure shows the trend in ij k for qCPA with three parameters and for CPA without association. It is clear that there is a tendency for the interaction parameter to decrease as a function of the molecular weight (or carbon number) of the n-alkane with both approaches. The logarithmically decreasing function of the molecular weight of the hydrocarbon shown in figure 13 is in agreement with previous CPA studies for other families e.g. water-alkanes and MEG-alkanes.
The interaction parameters with the qCPA are significantly smaller and the decrease with molecular weight is somewhat slower, and this further supports why much better results are obtained with qCPA using k ij =0 (predictive approach). As shown in figure 12c , for the VLE of CO 2 + propane and LLE of CO 2 + hexatriacontane (C 36 ), the correlations give quite satisfactory results for both models. As is typically the case, the LLE is more sensitive to the ij k value and the results with both qCPA and CPA are not quite as good as with an individually fitted ij k , whereas results for the VLE are similar to the individual correlation.
Excess enthalpies
While a main purpose of an equation of state is to correlate and predict the phase equilibria between mixtures, other properties are also important in practical applications and from a theoretical or a modelling point of view they are also crucial in determining the applicability range and boundaries of a thermodynamic model. As seen in case study I, one such property is the excess enthalpy. Figure 14 shows the predicted (k ij =0) molar excess enthalpy of the CO 2 + ethane mixture at 217 K and at saturation pressures. Figure 14b (right) illustrates the excess enthalpy of the mixture using binary interaction parameters correlated to binary VLE data. Both calculations shown in figures 14a,b are, thus, predictive in the sense that no binary parameters are directly correlated to the excess enthalpy. It should be, however, mentioned that in the latter calculation (figure 14b) binary interaction parameter is used, which is correlated to VLE data. Figure 14a (left) shows that all qCPA variants predict the excess enthalpy quite well and significantly better than when CO 2 is modeled as a self-associating or inert compound. However, when binary interaction parameters correlated to VLE are employed (figure 14b), both CPA variants perform very well and better than qCPA, for which all approaches now over-predict the excess enthalpy. [62].
Multicomponent systems containing CO 2 and n-alkanes
For multicomponent mixtures containing only hydrocarbons the binary interaction parameters are close to zero and satisfactory predictions are typically obtained with CPA (or SRK). In this regard an interesting group of multicomponent systems are those containing CO 2 and multiple n-alkanes. For these systems, dispersion and quadrupolar forces should essentially be the only interactions and there is no question as to how CO 2 should be modeled in mixtures with associating compounds. We have considered four modelling approaches (using the numbering from the original publications, refs [56] [57] [58] ; case A (CPA, inert CO 2 , 3 pure component parameters), case C (CPA with associating CO 2 , 5 pure component parameters), case D (qCPA with 3 adjustable parameters) and case E (qCPA with 4 adjustable parameters). In all cases k ij is adjusted from experimental data.
It is obvious from previous studies [56] [57] [58] that almost quantitative predictions (k ij = 0) were obtained for binary mixtures containing CO 2 and hydrocarbons when qCPA was employed with four parameters (case E). The predictions were also quite satisfactory when the model was employed with three parameters (case D). An important question is whether the excellent phase equilibrium results for binary mixtures are maintained to multicomponent mixtures.
To investigate this, the VLE of the mixtures CO 2 + methane + ethane and CO 2 + ethane + neicosane are studied with qCPA and CPA. The binary interaction parameters between ethane + methane and ethane + eicosane are both assumed to be zero. Furthermore, the mixtures are studied both with and without a k ij between CO 2 and the hydrocarbons.
The deviations between model predictions, both with and without interaction parameters, and experimental data are shown in Table 17 . When all k ij 's are set to zero no deviations are presented for case A, as VLEs are not predicted for all data points when the center of the experimental tie line is used as the feed composition.
The CO 2 + methane + ethane system is a very interesting system, which depends strongly on pressure. At low pressures the bubble-and dew-point curves coincide, while at higher pressures the distance between the curves increases and then decreases again. The predictions were compared to experimental data from Wei et al. [63] at 230 K and 65 bar and Davalos et al. [64] at 250 K and three pressures (21, 25 , and 30 bar). It is clear from Table 17 that case E performs very well without a k ij , as all deviations between model predictions and experimental data are smaller than 10%, with the exception of the composition of the liquid methane phase. The deviations with the different modeling approaches are almost identical when binary interaction parameters are employed (this is also illustrated in figure 15b ). Interestingly, most deviations increase slightly when case E is employed with binary interaction parameters. Figure 15 illustrates, in a ternary diagram, the VLE predictions of the CO 2 + methane + ethane system at 250 K and 30 bar both without k ij 's (figure 15a) and with k ij 's (figure 15b).
While case E clearly gives the best predictions without binary interaction parameters, all cases perform well and almost identically with binary interaction parameters. Figure 16 compares the predictions of the modeling approaches with experimental data at 250 K and 25 bar (figure 16a) and 230 K and 65 bar (figure 16b). In both cases all kij's are set to zero. It is clear that case E is fully satisfactory at low pressures. Close to the critical pressure of the mixture the accuracy of the liquid phase predictions tend to deteriorate for case E. This is undoubtedly caused by the poor representation of the CO 2 + methane binary near the 26 critical point when the binary interaction parameter is ignored for case E. While not quite as good as those of case E the predictions with case D are clearly better than the other CPA approaches.
The CO 2 + ethane + n-eicosane predictions were compared to experimental data from the PhD work of Al-Marri [65] at 338.7 K and 104.4 bar. When the k ij 's are assumed to be zero Table 17 suggests that very good predictions are obtained for especially the liquid phase with case E, whereas case C actually predicts the vapor phase composition more accurately, especially the small amount of n-eicosane in the vapor phase.
Figures 17 illustrate the predictions. Visually all models predict the vapor phase composition identically, but based on the deviations it seems that case C most accurately predicts the amount of n-eicosane in the vapor phase. For these large n-alkanes, however, the experimental accuracy may be questionable, especially for the small amount of n-eicosane in the vapor phase. In the liquid phase both quadrupolar approaches are clearly superior to case C (and case A), despite using fewer pure compound parameters.
As in the case of the CO 2 + methane + ethane system the predictions are very similar when binary interaction parameters are employed. Case E still performs best of the four approaches, although the liquid phase predictions with case E actually becomes slightly poorer, than without binary interaction parameters. 
Derivative Properties of CO 2 at the saturation region
As the pure compound parameters of CO 2 for the modeling approaches investigated by Bjørner and Kontogeorgis [56, 57] have been correlated to the saturated liquid density and saturated vapor pressure it is of interest to evaluate the models for their ability to predict other derivative properties at saturation. We have, thus, compared the prediction of several derivative properties for CO 2 , both in the liquid and vapor phase against pseudo-experimental data from the Span and Wagner EoS for pure CO 2 [66] .Of course, conclusions on the accuracy of CPA will depend on the accuracy of the pseudo-experimental data from the Span-Wagner EoS for the various properties of CO 2 , an accuracy which is difficult to assess.
The temperature range of this investigation is T=216-300 K, the immediate vicinity around the critical point (T=304.13 K and P=73.8 bar) is ignored as the uncertainty with the Span and Wagner EoS, and with the investigated equations of state, becomes significant at these conditions. Tables 18 and 19 compare, in terms of %AAD, the equations of state for their ability to predict the vapor density of CO 2 as well as several derivative properties (the speed of sound, the isobaric and isochoric heat capacity, the Joule-Thomson coefficient and the enthalpy of vaporization) at saturation in the liquid and vapor phase respectively. Theoretically the addition of a quadrupolar term should improve the prediction of the derivative properties due to the physically more correct model and the improved density description in the liquid , it is observed that CPA without association often performs somewhat better for CO 2 than the more sophisticated models, especially in the vapor phase, where the EoS is superior for CO 2 both in the vapor density, isochoric heat capacity and Joule-Thomson coefficient. This is also the case for the heat of vaporization, where the EoS again performs better, possibly due to a more accurate vapor phase enthalpy. Nevertheless, the performance of the models is comparable for all properties in terms of %AAD. Overall the predictions of most properties are satisfactory, considering that no parameters have been fitted to them. Noticeable exceptions to the otherwise satisfactory performance are the predictions of the residual isochoric and isobaric heat capacities in the vapor phase as well as the isochoric heat capacity in the liquid phase (except for CPA without association). Figure 18 shows predictions of the (normalized) liquid and vapor isobaric and isochoric heat capacity respectively. It is clear from figure 18a that the liquid isobaric heat capacity of CO 2 is modeled rather well through most of the saturation region when CO 2 is modeled either with CPA and the 4C scheme or with qCPA. The predictions of all model approaches begin to deviate as the critical point is approached. On the other hand, figure 18b shows that the trend of the liquid isochoric heat capacity is not captured by any model. Moreover the predictions in the vapor phase are quite poor for both the residual isochoric and isobaric heat capacity respectively. Figure 18 . Normalized liquid and vapor residual isochoric (a) and isobaric (b) heat capacity predictions of CO 2 at saturation with CPA and qCPA. Pseudo-experimental data are from the Span and Wagner EoS [66] . Figure 19 illustrates that the speed of sound in the vapor phase and the Joule-Thomson coefficient in the liquid phase are predicted quite well, although once again the performance begins to deteriorate close to the critical point. However, the liquid phase speed of sound and vapor phase Joule-Thomson coefficient predictions are quantitatively wrong and, moreover, the trend of the data is not fully captured. Pseudo-experimental data are from the Span and Wagner EoS [66] .
Finally figure 21 provides a summary of results for several properties for the liquid or supercritical phase, see Bjørner and Kontogeorgis [56, 57] for detailed results. Overall it can be concluded (see references 56 and 57 for detailed results) that for most predicted properties, in both the saturation-, the compressed liquid-and the critical region, the qualitative performance is not significantly different for the various models (CPA n.a., CPA 4C and qCPA), and all modeling approaches predict the same trends. With the clear exception of res V C all models generally perform satisfactorily considering that the model parameters have not been correlated to any of these properties, rendering the models purely predictive.
Regarding the density and the derivative properties qCPA and CPA with the 4C scheme typically perform slightly better quantitatively than CPA without association (again with res V C as the exception). The predictions are only marginally improved when the four parameter version of qCPA is employed, rather than the three parameter version. In most cases qCPA and CPA yield similar predictions, however, the Joule-Thomson coefficient is, at least in terms of %AAD, predicted significantly better with the various qCPA approaches for the liquid and supercritical phases.
Considering that qCPA should result in a physically more correct model, the improvement, at least for the quadrupolar term, is clearly smaller than one might have expected. Of course part of the explanation for this is that most of the pure compound predictions with inert CPA are quite good to begin with. Another reason may be that the artificially large attractive energies for e.g. inert CPA may compensate quite well for the added energetic quadrupole term as long as there are no cross interactions.
Case study IV: Prediction of multicomponent LLE for water-glycol-hydrocarbons
A few years ago almost no multicomponent data existed for water-glycol-hydrocarbons (especially alkanes), possibly due to the very low solubilities involved. Earlier efforts (Sentenac et al., [67] ) were not very successful, but some years later ( [68, 69] ) a wide range of such data have been published for ethylene glycol (MEG) -water with diverse alkanes and other hydrocarbons. Such data offer an excellent test of the predictive capabilities of association models, and this is illustrated here for CPA. All pure fluid parameters are obtained from literature [70, 71, 19] and figures 22-25 show the correlation of LLE for MEG and water with two alkanes. Please notice that in these figures experimental data from different sources are shown. We can see that the experimental data e.g. for MEG-hexane are not in very good agreement with each other and there is deviation especially compared to older data by Derawi et al. [72] . Still the correlation performance of CPA is satisfactory with a single temperature-independent k ij (for MEG-hexane: around 30% for the alkane solubility in MEG and 10% for MEG in HC phase).
For water-alkanes, CPA has been used with k ij obtained from a previously published correlation (k ij = -0.026•(carbon number) + 0.195). Very satisfactory results are obtained for the mutual solubilities, as can be seen in Figures 24 and 25 . It is very interesting that these new experimental LLE data do not show the minimum on the hydrocarbon's content in the aqueous phase, for which there has been so much discussion (about its origin e.g. due to a possible link to hydrophobic phenomenon and the apparent inability of association models to describe it). Figure 26 . MEG -Water -n-Heptane LLE. Experimental data (points) [69] and CPA predictions (lines).
Discussion and concluding remarks
We have presented and briefly discussed four case studies which illustrate some of the capabilities and limitations of association models (CPA) in a number of applications of practical significance. Multicomponent calculations are one approach to validate the predictive capabilities of the models. Other predictive approaches for association models involve the concept of group contributions (GC); these has been mostly used for various SAFT models so far like SAFTgamma-Mie [3] and PC-SAFT and they have not been discussed in this work. Fully predictive versions of CPA/SAFT and other association models imply having predictive e.g. GC methods for estimating all pure compound parameters including the association ones as well as all binary interaction parameters, typically both the dispersion-based k ij and an occasionally employed additional cross-association parameter. There have been interesting attempts e.g. by Haslam et al. [79] using the Hudson-McCoubrey theory and by Breil et al. [80] using the homomorph approach, but there is need for much more research in this area and possibly development of generalized approaches. It might be interesting to investigate how association parameters (pure and interaction ones) can be connected to externally obtained measures of association like the Kamlet-Taft solvatochromic parameters, experimental values for the hydrogen bonding enthalpy and entropy as well as the Drago approach for estimating cross association enthalpies.
A difficulty in the model validation esp. for several complex fluids is the lack of experimental data and also the uncertainty in the measurements, particularly pronounced for mixtures where the solubilities are very low e.g. glycols in the vapor phase and water or other polar compounds in the hydrocarbon-rich phase. We have seen this in the last case study.
Another issue we discussed is whether adding more physics e.g. including separate polar and quadrupolar interactions is of importance. In general, this has not led to conclusive results for practical applications. While the results shown in this work are with CPA, a review of the numerous literature studies [4] with diverse polar and quadrupolar versions of SAFT yield the same conclusions. Good results are obtained for mixtures of polar/quadrupolar molecules with alkanes (often with k ij =0), and good predictions are seen also for excess enthalpies. When, however, interaction parameters are introduced and/or when mixtures with the polar/quadrupolar molecules with associating molecules are considered (e.g. CO 2 -water or ketones-water), then the impact of additional polar and/or quadrupolar terms is very small. In the context of CPA, we have previously carried out several studies with polar systems (acetates, ketones, esters, ethers …..) in mixtures with water, inert compounds, etc. where multicomponent and multiphase equilibria have been considered [76] [77] [78] . In all cases the predictions have been satisfactory without additional polar terms. Earlier some researchers [81, 4] have treated polar compounds like acetone as pseudo-associating but, while this approach is as satisfactory as an explicit treatment of polarity in mixtures with hydrocarbons, the results are not very satisfactory for multicomponent systems [77] and is thus not recommended. Even for binary systems, sometimes, e.g. for sulfolane-alkanes, the results are not very satisfactory and the temperature dependency of the solubilities for LLE is not wellcaptured when sulfolane is treated as pseudo-associating (see ref. 4) . Notice that sulfolane is a highly polar compound with a dipole moment of 4.8 D, immiscible with several hydrocarbons over an extensive temperature range.
Most successful results presented in the literature with association models employ the "classical" by now and widely used "2B" scheme for alcohols and most amines and "4C" scheme for water and glycols. We use here the widely accepted terminology of Huang and Radosz [39] . For acids, the "1A" scheme is used, but there are some issues, see below. Some researchers (e.g. Breil and Kontogeorgis, [38] and Avlund et al. [82] ) have also used some "more advanced" association schemes for multifunctional compounds like glycols, glycolethers and alkanolamines. They have then tested these schemes against pure compound data (vapor pressures and liquid densities) and mixtures with e.g. alkanes and water. They also compared the results to the classical "4C" schemes often used for glycols and alkanolamines. It appears that not much improvement is offered with the more advanced association schemes and thus there is little to be gained e.g. by differentiating between OH and amine group parameters in alkanolamines or explicitly accounting for the -O-groups in the heavier glycols and glycolethers. Alkanolamines are mostly relevant in aqueous CO 2 /H 2 S mixtures where reaction effects may need to be incorporated. However, there are also extensive data for mixtures of aqueous alkanolamines with other compounds (methane, ethane, propane, up to hexane). These have been studied with a PR-CPA model by Wang et al. [83] with rather satisfactory results, but typically temperature-dependent interaction parameters are needed. Another challenge for these systems is that the interaction parameter between alkanolamine and alkane is, for most systems, not available and should be fitted based on the ternary data. Thus, such calculations cannot be considered to be fully predictive.
However, the biggest challenges we have encountered in this respect (i.e. for strongly polar and associating systems) are mixtures with organic acids e.g. acetic acid and benzoic acid (particularly in aqueous systems). We do not think that the problems in this case are associated to the lack of a polar term but are more connected to limitations of the Wertheim framework and the use of the rather artificial "1A" scheme for organic acids. The Wertheim framework needs "further" improvements e.g. to account for intramolecular association and hydrogen-bonding co-operativity. There have been some promising results [84] [85] [86] but from the practical point of view they are not very satisfactory e.g. description of glycolether-water closed loops is only qualitatively correct. Moreover, in most cases (and almost always for phase equilibria) inclusion of intramolecular association has not resulted in improved results
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compared to the simpler version of the association model where such effects are not included [87] .
In all the above calculations, the association models (CPA in this case) are used, as is, i.e. there are no "significant changes" in the original framework (maybe with the exception of the discussion of the quadrupolar CPA). Oil mixtures require a characterization procedure and successful results have been presented for both CPA and other SAFT variants but the amount of experimental data is small and more measurements are needed. Progress has been made also with asphaltenes (e.g. Arya et al. [88] ) and results are available with CPA, PC-SAFT and other SAFT variants [89, 90] . We believe that explicit inclusion of the association is crucial for obtaining good results and we have shown that in a series of publications [e.g. 88] but others [89, 90] have obtained also good results with PC-SAFT using only the nonassociation contributions of the models. There are several data but again the quality and quantity of the data is not sufficient and appropriate characterization of asphaltenes is difficult. Electrolyte solutions require separate contributions for the long-and short-range electrostatic interactions and maybe even for solvation effects and they are considered in another recent review [16] . Another area where coupling of CPA (or other SAFT models) with another framework is needed is interfaces e.g. for calculation of interfacial tension and (multicomponent) adsorption. Both CPA and other SAFT models have been combined with frameworks like MPTA and DFT for estimating multicomponent adsorption but only CPA [91, 92] has been applied to polar adsorption e.g. of alcohols and water. The results are not conclusive and it is not always clear that the association term helps. More work is needed. The same is true for the prediction of interfacial tensions where much research has been done with both CPA [93, 94] and PC-SAFT [95, 96] . The models are coupled with either the DGT or DFT frameworks, with the latter being semi-predictive. Here good results are obtained in several cases but the numerics is sometimes difficult and there are problems for some systems e.g. ethanol-hexane. We suspect that for interfacial/adsorption phenomena, the effect of interaction parameters and in general parameter estimation is much more important than for bulk properties/phase equilibria.
